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Abstract
Frequent and rapid spatially explicit assessment of socioeconomic development is
critical for achieving the Sustainable Development Goals (SDGs) at both national and
global levels. In the past decades, scientists have proposed many methods for monitoring
human activities on the Earth’s surface on various spatiotemporal scales using Defense
Meteorological Satellite Program Operational Line System (DMSP-OLS) nighttime lights
(NTL) data. However, the DMSP-OLS NTL data and the associated processing methods
have limited their reliability and applicability for systematic measuring and mapping of
socioeconomic development. This research utilizes Visible Infrared Imaging Radiometer
Suite (VIIRS) NTL and the Isolation Forest (iForest) machine learning algorithm for
more intelligent data processing to capture human activities. I use machine learning and
NTL data to map gross domestic product (GDP) at 1 km2. I then use these data products
to derive inequality indexes like GINI coefficients and 20:20 ratios at nationally
aggregate levels. I have also conducted a case study based on agricultural production
information to estimate subnational GDP in Uganda. This flexible approach processes the
data in an unsupervised manner on various spatial scales. Assessments show that this
method produces accurate sub-national GDP data for mapping and monitoring human
development uniformly in Uganda and across the globe.
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Chapter One: Introduction
In recent years, many studies have used the intensity of nighttime lights (NTL)
measured from space to evaluate and estimate human activities on the Earth's surface.
The intensity of NTL has proved to be a realizable proxy for economic activities by
assuming that NTL intensity can represent our consumption, investment, and
development. Thus, many studies have demonstrated the applications of NTL data for
estimating economic growth, subnational gross domestic product (GDP), and social
inequality. For example, NTL data have been used to estimate subnational income per
capita (Ebener et al. 2005), the informal economy in Mexico (Ghosh et al. 2009), and the
global distribution of economic activity and poverty (Elvidge et al. 2009).
While satellite imagery can provide global and regional economic data to understand
and evaluate the relationship between human development and nature, many census data
are limited, unavailable, or difficult to acquire. Accurate information about the size and
distribution of the human population is not available for many less-developed regions
around the world, and these data can suffer from poor quality (Islam and Clarke 2002). In
recent years, due to the availability of digital NTL data, nocturnal lighting has become an
alternative method to identify and estimate human activities other than the traditional
census data. Thus, in many less developed areas like Africa, NTL can be used as a
reliable and consistent alternative to provide socioeconomic data to overcome the
difficulties of data collection and problems of data incompleteness and scarcity.
1

Although many studies have demonstrated the accuracy of using NTL to estimate
socioeconomic activities, they tend to focus only on developed countries like the U.S. and
developing countries like China, Mexico, and India. There are very few comprehensive
analyses about Africa due to the following: (1) there is a lack of population distribution
data, (2) some NTL data have low resolution, (3) there is a lack of ground-truth data for
validation, especially socioeconomic data at subnational levels, and (4) the limitation of
remote sensing data themselves (like spatial resolution and sensitivity) can restrict the
result accuracy. Therefore, this dissertation aims to address these fundamental issues by
developing an objective and uniform method for characterizing socioeconomic activities
in Africa. The overarching goal of the proposed research is to estimate and understand
the dynamics of human activities at subnational levels for Africa on multiple
spatiotemporal scales.
My key research questions are:
•

Can the Visible Infrared Imaging Radiometer Suite (VIIRS) NTL imagery be
used to measure the dynamics and distribution of socioeconomic activities at
subnational levels in Africa?

•

How can we improve the accuracy of socioeconomic analysis by
incorporating multi-source data?

•

What are the implications from the analysis of multi-temporal socioeconomic
data changes?

•

What information will be required to characterize cities in African countries
well enough to inform their transformations?
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•

How should different data sources be integrated to provide comprehensive
analysis in order to address the problems related to human settlements?

I will integrate advanced remote sensing and spatial and temporal modeling to construct
and evaluate the socioeconomic data in Africa, including its GDP, GDP per capita, 20:20
ratios, and GINI coefficients. These estimated data can be combined with other multisource data to produce spatial data infrastructure for more comprehensive data analyses.
In 2016, world leaders adopted the 17 Sustainable Development Goals (SDGs) of the
2030 Agenda for Sustainable Development, which was built on the success of the
Millennium Development Goals (MDGs). One of the United Nation’s SDGs (UN 2015)
is to “make cities and human settlements inclusive, safe, resilient and sustainable.” In
order to achieve sustainable development, it is crucial to address economic, social, and
environmental issues at the same time. The results generated by this research can provide
substantive knowledge of the human activities in Africa on a regional and continental
scale for future planning and policy recommendations that seek to attain sustainable
development, mitigate the adverse impacts of development, reduce poverty, and improve
the overall standard of living.
At this time, there is no systematic and uniform evaluation of subnational
socioeconomic data for all countries in Africa. Nevertheless, socioeconomic data like
GDP and GINI coefficients are crucial for decision- and policy-making processes
including resource utilization, aid allocation, poverty reduction, environmental
conservation, urban planning, government spending, education, and healthcare. Although
some studies have demonstrated that NTL is highly correlated with asset-based indicators
at the national level, there is a lack of research at subnational levels. In addition, many
3

studies only estimate socioeconomic data for a certain year. There is a lack of multitemporal analyses to explore the dynamics of socioeconomic changes in Africa over a
longer period of time. Due to the incompleteness of socioeconomic data in Africa, the
availability of remote sensing data can bridge the gaps and illustrate a more
comprehensive picture of development in Africa.
Moreover, these socioeconomic data are fundamental for many policy analyses. The
production of subnational socioeconomic data can provide insights into the past and
current development issues and facilitate key policy- and decision-making. In addition,
by making these data available online, it also facilitates transparency that the public are
more aware of their socioeconomic status. Furthermore, data and models developed and
documented from this research could support many other projects that aim to help the
development of Africa and other developing regions. Additionally, these subnational
socioeconomic data can benefit other education, science, and policy projects to mitigate
and solve the current development challenges that threaten our progress towards
sustainable development goals. This can be done through more accurate computermodeling, more efficient and effective resource/aid allocation, and prudent economic
policies, practices and initiatives that can promote healthy and sustainable development.
The rest of the dissertation proceeds as follows. In Chapter 2, I review the current
spatial-temporal models that have been developed for estimating socioeconomic data
based on NTL and explore some of the major weaknesses in existing data processing
methods and socioeconomic data estimation models. An overview of DMSP-OLS and
VIIRS NTL datasets and their constraints in data modeling is given in this section. In
Chapter 3, I present the data collection and development of models for subnational GDP
4

estimation based on agriculture production data and population distribution. In Chapter 4,
I demonstrate how the NTL-based model can be incorporated with crop yield data to
improve the accuracy of GDP estimation in Uganda. In Chapter 5, I demonstrate how to
utilize advanced machine learning algorithms to refine data pre-processing on a global
scale to estimate and map GDP for countries around the world. Conclusions and ideas for
future work are discussed in Chapter 6.

5

Chapter Two: Literature Review
2.1 Overview
NTL data have been widely used to estimate and monitor socioeconomic activities
since they can represent the artificial lights on the Earth’s surface. In the past, light
intensity analyses relied on DMSP-OLS NTL imagery. In 2012, the launch of the first
Suomi National Polar-Orbiting Partnership (NPP) marked a new generation of remote
sensing to detect anthropogenic NTL sources. This literature review aims to demonstrate
the feasibility and improvement of using VIIRS NTL data for measuring human activities
by focusing on the NTL imagery analysis with DMSP-OLS and VIIRS to compare and
determine: (1) the accuracy of DMSP-OLS and VIIRS imagery analysis in regions with
different administrative levels, (2) different strengths and weaknesses of DMSP-OLS and
VIIRS in terms of estimating economic activity, respectively, (3) data processing
methods that are effective in improving nighttime data analysis outcomes, and (4) the
advantages of using VIIRS for future NTL studies. By reviewing the existing data
collections, data processing methods, and models, I can explore and identify the current
status and major deficiencies of using NTL data for measuring human socioeconomic
activities. In this section, I first compare the DMSP and VIIRS NTL data and then
discuss the developments of existing models related to socioeconomic data estimation at
various subnational levels.

6

2.2 From DMSP-OLS to VIIRS
For the past two decades, the U.S. Air Force DMSP-OLS was the only system
collecting global low light imaging data (Zheng 2015). The DMSP-OLS nighttime data
has been extensively used to monitor and analyze human activities on the Earth’s surface.
In 2012, the NPP-VIIRS was launched. It is capable of collecting improved NTL imaging
data and will replace DMSP-OLS functionally (Hillger et al. 2013; Kimball 2008).
Although many scientific studies have demonstrated the superiority of VIIRS, there is a
still lack of direct comparison between DMSP-OLS and VIIRS to explore their strengths
and weaknesses, especially for measuring human activities.
Remote sensing and satellite imagery have provided us with global and regional
economic data to understand and evaluate the relationship between human development
and nature. Many census data are sometimes limited, unavailable, or difficult to acquire.
Hence, remote sensing data can be an alternative way for us to study and monitor the
human activities. For example, accurate information about the size and distribution of the
human population is not available for many regions around the world, and sometimes
these data have poor quality (Islam and Clarke 2002). Therefore, the NTL imagery is
different from other remote sensing data as it offers a unique view to monitor and
measure human development at night. Some researchers have used the NTL imagery to
generate and demonstrate the quantitative relationships between the NTL and population
and energy consumption in the USA (Welch and Zupko 1980; Zheng 2015). Thus, in
recent years, due to the availability of digital NTL data, nocturnal lighting has become an
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alternative method to identify and estimate human activities other than the traditional
census.
GDP is one of the most widely used indicators to represent an economy’s output or
production. However, there are many challenges to the collection of high quality GDP
data due to issues like the absence of standardized accounting methods, inconsistent data
collection methodology, and inefficiency of data collection (Min 2008; Zheng 2015). By
contrast, the remote sensing technique is more efficient to survey the economy on the
regional, national, and global scale. Many satellite sensors like DMSP-OLS have been
collecting day and night imagery and using those sensors for applications like population
estimation, socioeconomic development evaluation, power consumption estimation, and
urbanization. The unique artificial NTL can represent the nocturnal human activity
lighting that is very closely related to the state of the economy.
In the early 1970s, the DMSP-OLS was primarily designed to detect and provide
cloud cover images. However, researchers later discovered that DMSP-OLS nighttime
photographs of the Visible and Near-Infrared (VNIR) band can facilitate the observation
and detection of VNIR emission sources like the city lights, auroras, gas flares, and fires
(Elvidge et al. 2013). Since then, nine satellites equipped with OLS have been launched
to collect more nighttime images and these multi-temporal data have been developed and
applied widely. For example, Huang et al. (2014) concluded that the major applications
of DMSP-OLS nighttime images include the measuring and monitoring of human
settlement, urban population, socioeconomic activity, energy and electricity consumption,
gas emission, forest fires, impacts of military actions, and natural disasters.
8

Based on DMSP-OLS NTL data, Sutton and Costanza (2002) were able to estimate
global marketed and non-marketed economic value from two classified satellite images
with global coverage. They discovered that the GDP was correlated with the amount of
light energy emitted by the corresponding nation as measured by nighttime satellite
images. Amaral et al. (2005) assessed the human presence and activities in the Brazilian
Amazonia regions with DMSP-OLS and found that the human presence in Amazonia
were related to urban settlements, mining, industries, and human construction observed
from Landsat TMN and JERS data. Townsend and Bruce (2010) discovered strong
correlation between electricity consumption and NTL from 1997 to 2002. They adopted
the Overflow Removal Model (ORM) for improving data accuracy to map the electricity
consumption of Australia. Pandey, Joshi, and Seto (2013) combined SPOT vegetation
(VGT) data with DMSP-OLS NTL and utilized the support vector machine (SVM)
method for monitoring urbanization dynamics in India.
Lo (2001) conducted a comprehensive analysis of the correlation between DMSPOLS imagery data with socioeconomic variables in China. He applied radiance-calibrated
DMSP-OLS NTL data of China to evaluate population distribution at various subnational
levels (e.g., provincial, county, and city levels). His model was developed based on light
area and volume, pixel mean, and percent light area. Results demonstrated that using
DMSP-OLS NTL can help us accurately estimate of non-agricultural (urban) population
at both county and city levels and non-agricultural population density at county levels.
Hence, he concluded that radiance-calibrated DMSP-OLS nighttime imagery with 1 km2
resolution can be applied to population estimation at county levels.
9

Although DMSP-OLS NTL imagery has been widely used due to its detection of
anthropogenic lighting sources on the earth’s surface for scientific applications, it still has
many significant deficiencies. For example, DMSP-OLS suffers from issues like the
coarse spatial resolution, saturation, lack of calibration, and poor light detection
capabilities (Elvidge et al. 2013).
In 2011, the launch NPP marked a new generation of operational polar-orbiting
spacecraft (Elvidge et al. 2013). NPP hosts the VIIRS sensor, which is equipped with the
day-night band (DNB). In general, VIIRS exceeds its predecessors with many unique
features. Elvidge et al. (2013) compared the nighttime low light imaging collection
capabilities of these two systems and concluded that VIIRS is superior to DMSP-OLS in
terms of spatial resolution, dynamic range, quantization, calibrations, and the availability
of spectral bands suitable for discrimination of thermal sources of light emissions.
Due to the improved NTL detecting ability, VIIRS has been applied in many fields
that were dominated by DMSP-OLS. For example, in the 1970s, DMSP-OLS had been
used to detect fishing boats (Baugh et al. 2010). Based on the studies of DMSP-OLS data,
researchers have developed a set of algorithms for automatic detection based on spikes
and characterization of the sharpness of spike features with the VIIRS DNB data to
identify and locate fishing boats in Southeast Asia (Elvidge et al. 2015). By contrast, due
to its high sensitivity and advanced onboard calibration, VIIRS can help us better capture
and measure low light radiances at night. For example, VIIRS DNB allows researchers to
examine social economic activities on urban scales due to its better spatial resolution
(Cao and Bai 2014). Shi et al. (2014) used VIIRS to extract built-up urban areas of 12
10

cities in China and they found that VIIRS data had higher spatial accuracies than that of
DMSP-OLS data for all cities included in the study. They concluded that these
improvements are due to its high spatial resolution and wide radiometric detection range.
2.3 NTL applications for socioeconomic data estimation
Huang et al. (2014) conducted a meta-analysis and a systematic literature review of
DMSP-OLS. Their studies showed that most of the DMSP-OLS applications were related
to demographic and socioeconomic information. Therefore, there is also a huge potential
for VIIRS to analyze demographic information, socioeconomic parameters, and energy
and power consumption. Ma et al. (2014) confirmed the statistically strong connections
between the VIIRS-derived nighttime radiances data and several urbanization variables in
China at city level. Their results showed that higher NTL intensity observed in cities
were generally responsive to linear growth in urban population, GDP, electric power
consumption, and road areas. VIIRS NTL therefore could be used as an indicator of
demographic and economic changes during urbanization. Yu et al. (2015) evaluated
regional poverty in China by using the average light index (ALI) derived from VIIRS
data. Result showed that there is a strong correlation between the integrated poverty
index (IPI) and ALI.
Many preliminary scientific studies have already demonstrated that VIIRS is superior
to DMSP-OLS for analyzing electronic power consumption, monitoring urbanization,
and estimating regional economic activities. Yu et al. (2015) incorporated VIIRS to
estimate regional socioeconomic activities and generate high correlations between NTL
data and socioeconomic activities. However, scientific studies based on VIIRS nighttime
11

images are still limited since the VIIRS was only launched in 2011. Due to the VIIRS
lesser-established data-processing methods and the limited dataset availability, DMSPOLS NTL images are still the dominant source for the observations and analyses of NTL,
especially for studying historical trends. Although it is important to acknowledge the
capacity and accuracy of VIIRS, there is a lack of direct comparisons between DMSPOLS and VIIRS in terms of their data processing procedures and result accuracy. There
thus remains a need to systematically review and analyze the difference between
application of DMSP-OLS and VIIRS. These direct comparisons can compare and
evaluate the effectiveness of different NTL data collection, processing, and analysis
methods. The purpose of the following is to review the extant literature and identify data
processing methods that are effective in improving nighttime data analysis outcomes for
economic activities (mainly gross regional and domestic production), compare DMSPOLS and VIIRS imagery analyses in regions with different administration levels (e.g.,
counties or countries), and identify the different strengths and weaknesses of DMSP-OLS
and VIIRS for estimating economic activity.
Although many scientists have compared VIIRS with DMSP-OLS (Chen and
Nordhaus 2015; Jing et al. 2016; Li et al. 2013; Shi et al. 2014), they used different
socioeconomic datasets to validate the model accuracy and compared the NTL dataset
performance on various scales. For example, some studies (Jing et al. 2016; Li et al.
2013; Shi et al. 2014) analyzed the NTL data based on the gross regional products (GRP)
and GDP data from the national statistical reports of China.
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NTL datasets have also been used for socioeconomic data estimation at various
administrative unit levels. For instance, some researchers focused on the three different
levels of administrative regions in China (provincial, prefectural, and county level). By
contrast, Chen and Nordhaus (2015) focused on Africa because they found that most of
the recent studies particularly focused on China, which has a very high population density
and a high economic growth. There are few studies that have investigated areas with a
low population and less output per capita. Nordhaus et al. (2006a, 2006b, 2015) focused
on the countries and subnational regions based on 2747 1° by 1° arc grid cells in Africa.
They compared the satellite datasets with the Gridded Population of the World (GPW)
and grid cell production (GCP) from Yale G-Econ project.
In general, the DMSP-OLS NTL contains the stable light data, the cloud-free
coverage data, and the data that requires little further filtering. The stable light data is
most widely used for socioeconomic analysis since it contains NTL from regions with
persistent lighting. Therefore, irrelevant data and outliers from ephemeral events like
fires, gas flares, volcanoes, and background noise are also removed from these stable
light products (Shi et al. 2014). However, nighttime data associated the above-mentioned
ephemeral events have not been filtered from the earlier versions of VIIRS NTL data.
Since VIIRS is not measuring human activities directly, there is still a need to remove
outliers from the recent filtered products. Many studies incorporated different data
processing methods to mitigate the negative impacts from the background noise. Li et al.
(2013) produced a mask from the pixels with positive value of DMSP-OLS imagery and
multiplied it with the VIIRS imagery to generate the denoised NTL imagery. They
13

assumed that lit areas in 2010 and 2012 are the same. Their study showed that this simple
process could improve the data quality efficiently. Based on the assumption from Li et
al., Shi et al. (2014) adopted a similar method but they preserved digital number (DN)
values of the extracted pixels of VIIRS data rather than assigning 0 to the pixels with
negative values. They assumed that the lit areas in DMSP-OLS and VIIRS data were the
same for 2012 and extracted the pixels whose DN values are positive from the DMSPOLS data. They then overlaid the extracted pixels with VIIRS data to find the
corresponding pixels of the same locations (Shi et al. 2014).
Jing et al. (2016) removed light signals associated with fires, gas flares, volcanoes, or
aurora and derived four variables - total night light (TNL), light area (LA), average night
light (ANL), and logANL of the pixel values within the provincial boundaries. They first
used a mean algorithm to remove the abnormal lights that may be associated with fires
and gas flares. Then, they used the noise masking method (NMM) and the optimal
threshold method (OTM) to remove background noise in DNB composite data. Their
study revealed that these data displayed strong geolocation issues that are due to the DNB
pointing error or systematic offset in computing the location of nadir. Besides, they
selected the January 2013 DNS composite data based on the fact that January is not the
burn season in China and the effect from biomass burning is minimized.
Chen and Nordhaus (2015) produced 2471 1° by 1° arc grid cell and aggregated them
with VIIRS data to conduct analysis. Chen and Nordhaus concluded that VIIRS could
potentially improve on stable lights to predict population and economic measures of SubSaharan Africa with the lowest population and economic density (Chen and Nordhaus
14

2015). This is especially helpful for analyzing poor regions that do not have sufficient
demographic or economic data. However, they also found that DSMP provide little
information for regions with very low-density population. Their regression analysis
showed that VIIRS could disproportionately display high brightness for cells with very
low density. For cells with low population (less than 10,000), there were more non-zero
VIIRS cells and this suggested the VIIRS lights can provide more information for less
developed region. Results showed that VIIRS lights had stronger correlation with grid
cell population (GCP) than DMSP-OLS lights for all samples and thus concluded that
VIIRS is still ideal for measuring population and pixel level population (Chen and
Nordhaus 2015).
In sum, many studies have suggested that VIIRS can provide significant supplement
to the standard socioeconomic measurements. VIIRS is capable of providing more NTL
information to estimate population and economic activities than the DMSP-OLS. For
example, Nordhaus and Chen concluded that VIIRS could be used to monitor regions
with the lowest population and economic density especially at the pixel level. This is
important since the demographic and economic data in these regions are usually
insufficient or non-existent. Jing et al (2016) also revealed that VIIRS could be an
alternative source for economic data if some countries have low quality economic data or
did not release their data. However, based on these studies, researchers have revealed
some common issues regarding the VIIRS imagery analysis. First, many studies have
raised the concern that there was a lack of multi-temporal study of VIIRS since the first
released imagery was available in 2012. Second, many studies have utilized similar
15

imagery analysis method based on previous DMSP-OLS research. Third, there is also a
potential to combine VIIRS with other remote sensing datasets to generate different new
models using multi-source data. Fourth, it is important to conduct experiments on both
regional and global scale to test the model consistency and explore potential problems
related to VIIRS application.
Although researchers have all demonstrated the superiority of VIIRS, most of the
applications of nighttime images still rely on the DMSP-OLS images for data processing.
DMSP-OLS data have provided relatively consistent and multi-temporal data sources for
almost two decades. Moreover, since VIIRS data has only become available in recent
years, the empirical research based on these databases is limited. Although these studies
have demonstrated the great potential to substitute the traditional DMSP-OLS with
VIIRS data, the comparison is still limited since they tend to focus only on certain
regions at different subnational levels. For example, studies about China compared
results at both country and regional administrative levels (Shi et al. 2014). However,
some researchers (Chen and Nordhaus 2015; Nordhaus et al. 2006) suggested that there
could be a difference of applicability of VIIRS in regions with different levels of
development. There is a lack of multi-temporal comparison to demonstrate its
consistency of performance and applicability. Comparing the study results between
DMSP-OLS and VIIRS based on the same socioeconomic parameters and regions can
further illustrate how the VIIRS imagery data has overcome the saturation and blooming
phenomena that occurred in the DMSP-OLS imagery analysis (Huang et al. 2014).
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Huang et al. (2014) were concerned that due to the great amount of remote sensing
data acquired with better resolution, remote sensing data have displayed the big data
characteristics. Hence, there is a need to develop new data processing methods to conduct
data extraction automatically and intelligently. In recent years, machine learning, a
subdivision of artificial intelligence based on the biological learning process, has been
extensively used in GISciences and remote sensing (Lary et al. 2015). The European
Commission's Joint Research Center (JRC) initiated Global Human Settlement (GHS)
project to provide improved, ready-to-use or pre-calculated baseline data reporting about
the human presence on the globe. The GHS information production paradigm is based on
the generalized multi-sensor and multi-temporal remote sensing image data streams,
population census data, and crowd sources (as voluntary geographic information)
(Pesaresi et al. 2016). Pesaresi et al. (2016) developed a classification method based on
symbolic learning techniques to work in complex and information-abundant
environments. This new method for earth observation data analytics incorporates
symbolic machine learning algorithm to evaluate relationships among different data
layers that are in model-free and computationally effective modalities. Therefore, similar
automatic and intelligent data processing method can also be applied to VIIRS and
DMSP-OLS to improve the efficiency and accuracy of data analysis.
In order to enhance model performance, other remote sensing or geoscience databases
can be incorporated into analysis. This combination of multiple datasets has demonstrated
significantly improved analysis in many fields. For example, Shen et al. (2012) proposed
a synthesized framework by combining multiple accessible satellite remote sensing
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approaches to comprehensively monitor harmful algal blooms from multiple
oceanographic perspectives. Nagler et al. (2009) incorporated multi-temporal, multiresolution images to develop ground-validated, remote sensing methods to monitor
ecosystem functions in the Colorado River Delta, Mexico. Many NTL imagery analyses
have also adopted the combination of multiple remote sensing datasets to improve model
performance. For instance, Elvidge et al. (2009) developed a global poverty map based
on LandScan, DSMP-OLS, and World Development Indicators (WDI) data. However,
there is a lack of multiple data source analyses for VIIRS data, and there can be
interesting research results generated for us to fully explore the potential of VIIRS.
In addition, the current NTL models suffer from numerous deficiencies. For example,
many studies only focused on a specific region and thus it is very difficult to apply the
model for other regions in order to evaluate the model performance. Besides that, many
studies have developed different methods and incorporated various remote sensing and
geospatial data for comparison. Hence, there is lack of standardization and direct
comparison of models to evaluate their generalizability in order to improve model
performance by adjusting various parameters. Eventually, we may fail to identify the
strengths and weaknesses of using NTL for different applications. Moreover, there is also
a risk (e.g., in the case of comparing gross regional product, regions with more consistent
data and potentially reliable results are selected) of generating biases and inconsistency.
For example, Doll (2008) concluded that there is no single threshold that can be applied
for all cities and thresholding large urban areas tends to result in the attenuation of lights
associated with smaller settlements. The implication of this finding is that a range of
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thresholds needs to be applied depending on factors like the sizes and types of the
settlements involved. Thus, models need to be reconfigured and adjusted for regions with
different levels of development. Noting the small number of studies that exist on this
topic is important, there is a need to identify gaps in the literature. There is more detailed
analysis of how different parameters can affect the NTL data processing. For example,
Wu et al. (2013) demonstrated that light consumption propensity is affected by many
factors like the GDP per capita, latitude, spatial distribution of human activities and gross
saving rate. Furthermore, studies included in this section were published from the recent
years, and due to the limited amount of VIIRS nighttime imageries available, it is
difficult to conclude that VIIRS can generate consistent and accurate socioeconomic
analysis like DMSP-OLS in future.
Various data pre-processing methods of nighttime imagery that can affect the
comparability of results. It is important to note that effects reported in these studies are
based on unstandardized data processing methods (e.g., filtering background noise). This
can greatly affect the accuracy and comparability of the results. It is also important to
differentiate the data processing methods for NTL in regions with different levels of
development. For example, as Jing et al. (2016) had found that different data processing
methods produce different outcomes, it is difficult to compare these results directly.
2.4 Summary
The purpose of this review is to compare the applications of DMSP-OLS and
VIIRS for socioeconomic activity analyses and demonstrate how the newly launched
VIIRS has improved by comparing to its predecessor. It is clear from many recent
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research results that VIIRS has demonstrated superior spatial resolution and overcome
many NTL data collection issues like saturation and resolution due to its newly designed
DNB sensor. Along with this, it is also clear that VIIRS can generate better estimates of
socioeconomic data at various subnational levels. Nevertheless, due to the limited
availability of VIIRS data, there is a lack of direct comparison between DMSP-OLS and
VIIRS to generate consistent and widely applicable results using the same criteria.
Moreover, there is also a lack of studies using VIIRS NTL at various national and
subnational levels to measure socioeconomic activities. Furthermore, there is also a need
to combine multi-source data to enhance model performance. Therefore, it is important to
develop advanced data processing models that can help us generate more accurate and
consistent results of socioeconomic data at various subnational levels.
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Chapter Three: Estimation and mapping of sub-national GDP
3.1 Overview
In order to conduct a comprehensive African socioeconomic analysis, it is important
to obtain both the NTL and the distribution of human settlement/population data in
Africa. The NTL data is used to estimate the size and distribution of socioeconomic
activities in the urban regions, while the population data is mainly used to estimate the
size and distribution of socioeconomic activities in the rural regions where there is less
NTL. The NTL data can be obtained from the DMSP-OLS and VIIRS imagery, and the
population distribution data can be obtained from the LandScan and GHS population
data.
The human settlement information at a global level is obtained from the GHS layers,
which was mapped based on Landsat imagery to show the global built-up areas and
population distribution from 1975 to 2014 (Pesaresi et al. 2015). The GHS represents
global spatial information in the form of built up maps, population density maps, and
settlement maps characterizing human presence on Earth’s surface over time. LandScan
population data is produced by the Oak Ridge National Laboratory and they represent the
worldwide “ambient” population density at 1 km2 grid-level. The LandScan data takes
the mobility of population into consideration and it overcomes the limitation of census
data that National censuses are conducted residentially, and they fail to capture mobility
of human activities. The agricultural production data is obtained from Food and
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Agriculture Organization (FAO) and other non-governmental organizations (NGOs).
These agricultural production data represent the percentage of agricultural product of a
specific district to the total national output.
The methods for socioeconomics data estimation are developed based on the
assumptions that: (1) NTL intensity is positively correlated with industrial and human
activities, (2) NTL can represent all non-agricultural activities, (3) agricultural activities
are positively correlated with population density, (4) regions are separated into urban and
rural areas based on GHS human settlement (SMOD) classifications, and (5) agricultural
production ratio, if available, can be used to facilitate the estimation of agricultural
activities. The human settlement layer is classified into rural and urban pixels for GDP
estimation based on the SMOD thresholds that:
Urban GDP =

𝑁𝑇𝐿 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ∗ 𝑇𝑜𝑡𝑎𝑙 𝑁𝑜𝑛 𝐴𝑟𝑔𝑟𝑖𝑐𝑢𝑙𝑡𝑟𝑎𝑙 𝐺𝐷𝑃
𝑇𝑜𝑡𝑎𝑙 𝑁𝑇𝐿 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦

(1)

Rural GDP =

𝑅𝑢𝑟𝑎𝑙 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 ∗ 𝑇𝑜𝑡𝑎𝑙 𝐴𝑟𝑔𝑟𝑖𝑐𝑢𝑙𝑡𝑟𝑎𝑙 𝐺𝐷𝑃
𝑇𝑜𝑡𝑎𝑙 𝑅𝑢𝑟𝑎𝑙 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛

(2)

As illustrated in Figure 1 below, the NTL model has two stages - data pre-processing and
data analysis. The first stage is to use population distribution data to create (1) population
density model and (2) light intensity model to estimate GDP for the whole Africa at
subnational level. This study also uses other source of data (e.g., agricultural production
ratio) to further improve the model accuracy if population distribution fails to capture the
agricultural activities. However, due to the limited availability of agricultural production
ratios, the enhanced model can only be applied and tested for certain countries. The
second stage will focus on the analysis of the socioeconomic data to evaluate (1) the
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distribution of GDP at various subnational levels and (2) the unequal development.
Therefore, these results can help us study and explore the distribution change of
socioeconomic activities, human-environment interactions, and future economic growth
projection.

Figure 1: Data Analysis Plan
3.2. Data Sources
The data sources are described in Table 1. This research uses multi-source geospatial
data in tandem with aggregate national socioeconomic data to develop NTL-based
inequality indexes. This research utilizes the stable, cloud-free NPP-VIIRS NTL (vcmorm-ntl) data which is produced by the National Oceanic Atmospheric Administration
(NOAA) and the National Aeronautics and Space Administration (NASA). I select the
"vcm-orm-ntl" data to calculate the sum of total NTL intensity in the urban region for
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each of the administrative units to estimate the development in the urban regions. The
NTL can be used to estimate economic activities contributed by the commercial and
industrial activities. This product improves the estimation of socioeconomic data because
(1) it contains cloud-free average radiance values and (2) outliers caused by fires and
other ephemeral lights have been removed. The administrative boundary file was
collected from the Database of Global Administrative Areas (GADM). I mainly use the
country level (level 0) and subdivision levels (level 1 and 2) data for national and
subnational data processing. Additionally, population distribution and settlement data at 1
km2 level are obtained from the GHS datasets, which contains location, population, and
urban extent information for the human presence on the planet from 1975 to 2015.
Human settlement information is obtained from the GHS Settlement Model grid
(SMOD), which contains urban centre (densely populated areas), urban clusters (towns
and suburbs), and rural grid cells (rural areas) that can help us separate urban regions
from rural regions. The population data of GHS contains the distribution and density of
population and it is expressed as the number of people in each cell. Socioeconomic
statistics are obtained from the World Bank and United National databases. I use income
classification data to group countries and agriculture, forestry, and fishing with value
added (% of GDP) for calculating the proportion of GDP in rural regions to estimate the
agriculture activity.
Table 1: Data sources
Dataset
Population

Description
Global spatial information
for the human presence on

Sources
GHS
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Format
Raster (geotiff)

the planet in 2015 with 1
km2 spatial resolution.
Human
Global spatial information
Settlement
for the human settlement
(urban and rural) in 2015
with 1 km2 spatial
resolution.
VIIRS
VIIRS Cloud MaskOutlier Removed-NightTime Lights (vcm-ormntl) annual data from 2015
with a spatial resolution of
15 arc-second
(approximately 500m)
Global
Global administrative
Administrative areas of all countries
Areas
including the subdivisions (v3.6).
Productivity
Agriculture, forestry, and
Ratios
fishing with value added
(% of GDP) from 2015 at
national level.
National GDP 2015 National GDP in
constant 2011 U.S. dollars
for all countries.
GINI index
GINI index estimates
(World Bank
based on household
estimate)
survey data from 2015 at
national level.
Income
Ratio of the average
Quintile Ratio income between the
richest 20% and the
poorest 20% of the
population. Only 2013
income quintile ratios are
available.

GHS

Raster (geotiff)

NOAA/NASA Raster (geotiff)

GADM

Vector
(shapefile)

World Bank
Open Data

Tabular (csv)

World Bank
Open Data

Tabular (csv)

World Bank
Open Data

Tabular (csv)

UNDP

Tabular (csv)

3.3. Technical Validation
The performance of NTL-based development indexes was evaluated using the actual
GDP data collected from the Organisation for Economic Co-operation and Development
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(OECD) regional statistics and indicators, the GINI coefficients and national GDP data
from the world bank databank, and the 20:20 Ratios from the United Nation’s
Development Program (UNDP), and existing subnational GDP datasets produced from
various research (Chen and Nordhaus 2015; Kummu et al. 2018; Nordhaus et al. 2006a).
For example, the 249 regional GDP (Large regions TL2) data from OECD administrative
units that match the level 2 districts from GADM are used for subnational GDP estimates
validation on a global scale. Regional total GDP results of the NTL-based GDP are
aggregated using zonal statistics tool in ArcGIS Pro based on the 1 km2 gridded NTL
GDP product.
To evaluate whether NTL-based GDP distribution can predict inequality accurately, I
compare the NTL-based inequality indexes against the actual GINI index and 20:20 ratios
data using root mean square error (RMSE) and mean absolute error (MAE):
𝑅𝑀𝑆𝐸 = √

𝑀𝐴𝐸 =

2
∑𝑁
𝑖=1(𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑𝑖 − 𝐴𝑐𝑡𝑢𝑎𝑙𝑖 )
𝑁

∑𝑁
𝑖=1 |𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑𝑖 − 𝐴𝑐𝑡𝑢𝑎𝑙𝑖 |
𝑁

(3)

(4)

where N is the number of samples, Estimated is the estimated socioeconomic data,
and Actual denotes the actual corresponding value.
3.4. Potential Limitations
3.4.1 Lack of ground-truth data for validation
The lack of ground-truth data could affect the accuracy of GDP estimation especially
for the rural regions. For the rural regions, I mainly calculate the proportion of GDP
based on the density of population (Claro 2006) since agriculture productions is
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dependent on human labours in many regions. For example, about 175 million people are
engaged in small-scale agricultural activities in Sub-Saharan Africa (UN 2016). In
addition, satellites are not designed to collect socioeconomic data directly. Therefore, it is
also very difficult to obtain relevant information in less developed regions and this
eventually affects the accuracy of our GDP estimation. In addition, indicators like GDP
statistics have many limitations (Islam and Clarke 2002) and they cannot accurately
reflect the real socioeconomic status (e.g., sustainability). Therefore, I have developed
both NTL-20:20 ratio and NTL-GINI to support the evaluation of socioeconomic
development status based on NTL data. In general, there are several limitations to the
current methods of GDP estimation, including the lack of accurate spatiotemporal multisource data for model validation and optimization. If more accurate data are available, the
model accuracy can be improved by improving and developing hybrid methods based on
more accurate and comprehensive validation data.
3.4.2 Inaccuracy and uncertainty
Due to population mobility and migration, it is very difficult to obtain highly accurate
human population information. The GHS population product generally shows the
distribution and density of population. There is a possibility that some of the GHS
population pixels are not accurate. For example, the dataset depicts the general and stable
distribution of population, and it fails to consider the dynamics of population change over
time and the human migration. Nevertheless, it is still useful as it shows the aggregate
population at different spatial scales (from pixels to districts) that can help us see the
patterns of population distribution. In addition, LandScan population, which is developed
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by the Oak Ridge National Lab, is also depicting the population distribution on a global
scale. Studies have found that both LandScan and GHS population products are
consistent for most countries (Bai et al. 2018; Calka and Bielecka 2019). In this research,
I mainly use GHS over LandScan if GHS population data is available because GHS is an
open-source and free tool for evaluating the human presence on Earth. It also allows
greater comparability of methods and results.
There is also uncertainty for the built-up area data from the GHS layers. In recent
years, several initiatives have produced maps of human presence including GlobeLand30
(Chen et al. 2015) and Global Urban Footprint (Esch et al. 2013). Nevertheless, these
data are only available for a limited multi-temporal scale and suffer from poor
comparability (Bechtel et al. 2016; Melchiorri et al. 2018). In addition, comparison
results show that GHS dataset has better classification accuracy (Pesaresi et al. 2016). For
example, validation results based on the Land Use/Cover Area frame Survey (LUCAS)
dataset demonstrate that GHS has an accuracy of 96.28%, which is higher than that of
other similar land cover classification datasets. Moreover, due to the lack of ground-truth
data and the dynamics of urbanization, it is very difficult to obtain a land classification
dataset with high accuracy on a global scale. Therefore, I use GHS as the main
population and land cover classification data to separate urban and rural regions for GDP
estimation at subnational levels.
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Chapter Four: Estimation and mapping of sub-national GDP in Uganda using
NPP-VIIRS imagery
4.1. Background
It is important to obtain accurate socioeconomic information in a timely manner to
evaluate the current development status in Africa and address developmental challenges.
GDP, one of the most widely used metric of national economic progress, measures the
total amount of goods and services produced in a country. There is a very strong
correlation between GDP per capita and the Human Development Index (HDI),
particularly for low-income countries (Deb 2015). Nevertheless, only aggregate data
measuring national GDP and GDP per capita exist for many African countries like
Uganda. There is a clear interest in understanding how GDP and GDP per capita are
distributed throughout Uganda on multiple scales to target poverty interventions and
bring greater prosperity to more people.
Africa is experiencing rapid urbanization due to fast population growth. It is
estimated by the United Nations that more than 50% of global population growth
between now and 2050 will occur in Africa (UN 2017). This rapid population growth is
causing fast expansion of megacities, small cities, and towns and, putting great pressure
on Africa’s sustainable development objectives by causing the loss of biodiversity,
environmental degradation, and natural resource depletion. Indicators like GDP can help
assess the pace and dynamics of urban development.
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There are many challenges to measuring GDP accurately. For example, accurate
information about the size and distribution of the human population is not available for
many regions around the world, and sometimes these data are of poor quality (Clarke et
al. 1992). National censuses are not able to capture the human mobility or activity as they
are conducted residentially. Additionally, national censuses often release their results
with limited resolution below the national level, as is the case with Uganda (Rose and
Bright 2014). Cross-country measurements of GDP lack standardized accounting
methods and have inconsistent data collection methodologies (Henderson et al. 2012).
Satellite-based NTL data can provide us a unique method to visualize and analyze the
spatial distribution of socioeconomic environment in a consistent, efficient and low-cost
manner. By monitoring the anthropogenic nocturnal light intensity, these satellite image
derived datasets can help us evaluate human activities on multiple spatiotemporal scales.
Over the past decades, many studies have utilized the DMSP-OLS NTL data to
analyze various socioeconomic indicators like GDP and electric power consumption. For
instance, some researchers used the DMSP-OLS NTL imagery to generate and
demonstrate the quantitative relationships between the NTLs and population and energy
consumption in the USA (Welch and Zupko 1980). Nevertheless, the DMSP-OLS
satellite imagery suffers from significant deficiencies like coarse spatial resolution,
saturation of bright lights, and the lack of in-flight calibration (Baugh et al. 2010). On
October 28, 2011, the launch of the VIIRS marked a new generation of operational polarorbiting spacecraft (Hillger et al. 2013). VIIRS exceeds its predecessors with its unique
features including finer spatial resolution for all bands and a DNB that can collect low30

light imaging data. Thus, due to the improved NTL detecting ability, VIIRS have been
applied in many fields that once used DMSP-OLS heavily.
Meanwhile, many studies have demonstrated that using NTL alone is insufficient to
accurately measure the GDP at sub-national levels. For example, in many countries in
Sub-Saharan Africa, there is a large population (about 175 million) engaged in smallscale agricultural activities (UN 2016). However, it is very difficult to capture these
small-scale subsistence agriculture activities using NTL, and the total economic activities
can be underestimated. For example, NTL fail to capture more than half of the economic
activities in Liberia (Bundervoet, Maiyo, and Sanghi 2015). In addition, although GDP
data is available at national level, it is important to obtain sub-national economic data to
evaluate the distribution and dynamics of socioeconomic development. This sub-national
information is especially important for regions like Sub-Saharan Africa to address high
population growth, food security, poverty, inequality, and growth challenges and meet
the United Nations Sustainable Development Goals 2030. Therefore, the purpose of this
study is to investigate the potential of combining NTL with agriculture data to estimate
subnational GDP for countries with large rural, agriculturally dependent population. I aim
to utilize the VIIRS NTL imageries to map sub-national socioeconomic development in
Uganda. I conduct our analysis using VIIRS nightlight imagery covering Uganda for the
year 2015, agricultural production and commodity price information (UBOS 2010), and
population and settlement data from the GHS. The structure of the section is organized as
follows: A detailed description of case study area, NTL data, and agricultural production
data are presented in Section 4.2. The data processing and methods used in this study will
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be described in Section 4.3. I will then present the estimation results and discuss the
performance of our methods by comparing with other existing methods. Finally, I
summarize results and draw conclusions in the last section.
4.2 Case Study Area and Data
4.2.1 Case Study Area
Uganda is one of the poorest nations in the world and its GDP per capita (current US
$) is only $740 (UBOS 2016). In recent years, the proportion of the population living in
poverty is increasing and almost 10 million people are living under the poverty line. In
addition, Uganda’s economy is heavily dependent on agriculture. Like many other subSaharan countries, Uganda has a large rural population. In Uganda, 76 percent of the
population lives in rural areas, and 24 percent of the national economy is derived from
agricultural activity (UBOS 2016). The district-level shapefile was obtained from U.S.
Agency for International Development (there are 116 districts’ information in the
shapefile, but the total number of districts has increased to 127 as of July 2018). The
GDP information was obtained from the World Bank database (in constant 2011 US $).
4.2.2 Nighttime Satellite Imagery
The VIIRS NTL imagery is used to estimate the urban economic activities for each
district in Uganda. The total estimated economic activities attributed to the commercial
and industrial activities were calculated based on the total light intensity values within the
districts. I select the VIIRS "vcm-orm-ntl" product (VIIRS Cloud Mask - Outlier
Removed - NTLs, obtained from http://ngdc.noaa.gov/eog/viirs/download_viirs_ntl.html)
for extracting urban and rural regions and estimating productivity from urban locations.
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This product contains cloud-free average radiance values with outliers (including fires
and other ephemeral light) removed. VIIRS is a stable, cloud-free, NTL intensity data
source produced by the National Oceanic Atmospheric Administration (NOAA) and the
National Aeronautics and Space Administration (NASA). Compared to the DMSP-OLS,
VIIRS has a higher spatial resolution and wider radiometric detection range. Many
studies have utilized VIIRS data for analyzing a range of socioeconomic phenomena
from a distance. VIIRS is suitable for detecting sub-national activities because it captures
high-radiance images and gathers information at roughly 0.5 km2 level with high
dynamic range (Elvidge et al. 2013). Shi et al. (2014) used VIIRS to extract built-up
urban areas of 12 cities in China and they found that VIIRS data have higher spatial
accuracies than those from DMSP-OLS data for all 12 cities. They concluded that these
improvements are due to its high spatial resolution and wide radiometric detection range.
4.2.3 Population, Settlement and Agricultural Data
The spatial population and settlement information is obtained from the GHS dataset,
which was mapped based on the Landsat imagery to show the global built-up areas and
population distribution from 1975 to 2014 (Pesaresi et al. 2016). The GHS framework
produces global spatial information in the form of built up maps, population density
maps, and settlement maps about the human presence on Earth’s surface over time. GHS
population grid shows the distribution and density of population. The population grid
information is disaggregated from census or administrative units to number of people per
cell (250 m2 and 1 km2 spatial resolution). GHS settlement grid shows the classified
built-up areas including “rural cells”, “urban clusters”, and “urban centers”. I have used
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the “GHS_SMOD_POP2015_GLOBE_R2016A_54009_1k” and the
“GHS_POP_GPW42015_GLOBE_R2015A_54009_1k” data with a resolution of 1 km2
for our model.
This model uses district-level agricultural data to supplement the spatial data in the
model. Agricultural activity is not as light intense as commercial activities, so it would be
underrepresented in a model based solely on NTL. Taken together, NTL (representing
higher value-add economic activity) and agricultural production (an important aspect of
Uganda’s economy) provide a broad-based estimate of economic activity at the subnational level. This forms the conceptual foundation for the Enhanced Light Intensity
Model.
These estimates use data on 16 representative agricultural commodities (production
and average market price) to derive an estimate of the spatial distribution of agricultural
GDP in Uganda. A mix of food crops and cash crops and annual crops and perennial
crops are included, as well as cattle, Uganda’s primary animal industry. These
representative commodities include maize, millet, sorghum, rice, beans, cow peas, soya
beans, groundnuts, sesame, banana, cassava, sweet potatoes, Irish potatoes, coffee,
cotton, and cattle. These are representative agricultural commodities and constitute the
total agricultural output of each district, so national agricultural GDP is used to normalize
these estimates.
All district-level crop production estimates are taken from the 2008/09 Census of
Agriculture (UBOS 2010). Data measuring heads of cattle per district are collected from
the 2008 Livestock Census (UBOS 2009) and normalized to national-level beef
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production data from the Food and Agricultural Organization. Cotton production data
(FAO 2012) are sourced from the 2009-2010 Annual Report by the Cotton Development
Organization (2010). The agricultural component of the model merges the best available
data to estimate the distribution of agricultural GDP across Uganda.
Coffee is Uganda’s top export and is divided among arabica and robusta varieties.
Production data by district and variety are not readily available, so, in an attempt to
estimate the geographic distribution of production value from coffee, a multi-step process
is used. Census reports from the Uganda Bureau of Statistics provide information on the
share of households engaged in coffee production (UBOS 2014b) and the total number of
households per district (UBOS 2014a). A map produced by Geo Gecko in 2017
delineates the share of production per district among robusta and arabica among five
categories: fully arabica, mostly arabica, fifty-fifty, mostly robusta, and fully robusta.
Finally, the 2008/009 Census of Agriculture provides total production data by geographic
region for arabica and robusta varieties. These data sources are combined to arrive at a
production estimate by district and variety. Price data were derived from average weekly
commodity prices recorded at markets in 2015 in Gulu, Mbale, Mbarara, and Kampala,
sourced from FIT Insights Group Limited (2018). The 2015 data for commodity prices is
used because it was a relatively stable agricultural year. Average coffee prices are taken
from the Uganda Coffee Development Authority from October 2014 to September 2015
(2015).
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4.3 Methods
4.3.1 Data Pre-processing
Since VIIRS is not a direct measurement of socioeconomic activates, I have adopted a
sequence of data preprocessing measures to remove the irrelevant features. Many studies
have used DMSP-OLS data to extract VIIRS data. For instance, the released VIIRS data
may be affected by fires, gas flares, volcanoes and background noise that need to be
removed to improve the accuracy and relevancy of GDP estimation. Li et al. (2013) used
a mask generated from DMSP-OLS data to obtain denoised VIIRS data by assuming that
the lit areas in 2010 and 2012 are the same. With a similar assumption, Shi et al. (2014)
extracted VIIRS data based on the DMSP-OLS data from the same year. The annual
product of 2015 - "vcm-orm-ntl", which contains cloud-free average radiance values that
have undergone an outlier removal process to filter out fires and other ephemeral lights,
is used in this study. In order to obtain the lit areas in urban regions, a mask is generated
from settlement data with pixels having value greater than 1 (representing urban clusters
and urban centers) to extract lit areas from VIIRS data within urban boundaries. This is to
extract urban pixels that are related to urban socioeconomic activities and remove
irrelevant light detections. Since Kampala is the biggest and most developed city in
Uganda, the urban pixel values of other areas should not exceed that of Kampala.
Therefore, the maximum urban pixel value of Kampala is used as a threshold and found
that all pixel values in other urban regions were below this threshold. Finally, the nonurban VIIRS pixel values is set to 0 to identify rural socioeconomic activities.
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Then, the preprocessed VIIRS imagery is analyzed based on the pixel values - pixels
with value of 0 and pixels with positive values. Ghosh et al. (2010) developed the model
by incorporating agricultural economic activity, which is an important component of
economic activity in the developing countries. Agricultural economic activity contributes
significantly to the national GDP, but it is not efficiently captured by the NTL imagery.
In addition, there is a lack of information of the agricultural production at sub-national
levels. Therefore, Ghosh et al. assumed that the darker regions of the NTL can be used to
represent non-urban land use, and LandScan population data was used to estimate the
agricultural activities. Since agricultural productivities may not be uniform for all
districts, population density cannot adequately reflect the actual agricultural economic
activity. To overcome this limitation, agricultural data is estimated based on 16
representative agricultural commodities (production and average market price) to derive
an estimate of the spatial distribution of agricultural GDP in Uganda, and then applied
national agricultural GDP to normalize these estimates. Following the method developed
by Ghosh et al., this model assumes that: (1) the preprocessed VIIRS imagery with pixel
value > 20can represent the urban region that mainly consist of secondary and tertiary
economic activities, and (2) pixel value < 20 can represent rural regions that mainly
consist of agricultural activities. A mask of rural regions is created to extract rural
population from GHS’s population data. Therefore, the preprocessed VIIRS NTL
imagery is mainly used to estimate the urban GDP values, whereas the extracted rural
population, agricultural production and price data are used to estimate rural GDP values.
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4.3.2 Model and Simulation of GDP
Many different models, including linear regression models, log-log regression
models, and second-order regression models, have been developed to estimate
socioeconomic data using NTL (Aldhous 2005; Letu et al. 2010; Lo 2001; Townsend and
Bruce 2010; Zhang and Seto 2011). For instance, Henderson et al. (2012) developed a
statistical model by combining data from NTL and income growth to better estimate true
income growth. They concluded that satellite imagery can be a useful proxy for
estimating economic activity if traditional data is not available or is of poor quality. Shi et
al. (2014) used simple linear regression model to estimate GDP and electric power
consumption at multiple scales. Nevertheless, due to the lack of reliable ground survey
data in African countries like Uganda, it is very difficult to develop and validate a
statistical model based on these existing methods directly. It is also found that the
population data may not fully demonstrate the agricultural activities. For instances,
studies have found that there is a weaker association between light and economic
activities in agriculture dependent countries (Bundervoet et al. 2015). Thus, an enhanced
light intensity model (ELIM) is developed to estimate sub-national GDP in Uganda based
on the following steps (Figure 2): (1) using the light intensity to extract urban regions and
estimate urban GDP for each district, (2) using population distribution and agricultural
value ratios to estimate agricultural GDP for rural regions, (3) the combination of urban
and rural GDP can represent the total GDP at sub-national levels.
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Figure 2: Estimating Subnational GDP using ELIM
The rural pixel value (RVj) of rural GDP is defined based on the population and
agricultural production in each district:
𝑑

𝑃𝑁𝑗
𝑅𝑉𝑗 =
∗ ∑ 𝑋𝑖 ∗ 𝑌𝑖
𝑇𝑅𝑃

(5)

𝑖

where j is the ID of rural pixel (population layer), PNj is the population value of the
corresponding pixel, TRP is the total rural population value, i is the type of the
agricultural product, d is the total number of types of the agricultural product, Xi is the
production of the corresponding agricultural product, and Yi is the average crop price of
the agricultural product.
Then, the urban GDP pixel value (UVi ) is defined as follows:
𝑈𝑉𝑖 =

𝑃𝑉𝑖
∗ 𝑁𝐴𝐺𝐷𝑃
𝑇𝑁𝑇𝐿
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(6)

where i is the ID of urban pixel (VIIRS NTL layer), PVi is the pixel value of the
corresponding pixel, TNTL is the total night time light values of the country, and
NAGDP is the total non-agricultural GDP of the country.
4.4 Results and Discussion
4.4.1 Results
Figure 3 shows the Uganda’s GDP at sub-national levels for 116 districts in Uganda
(detailed results are in Appendix A). In Figure 3b, the distribution of GDP in Uganda is
heavily skewed. Only 11 out of 116 districts have GDP per capita values above the
national average based on our results. This equates to roughly 81.5% (or about 32
million) of the population living in districts with GDP per capita estimates below the
national average. Kampala has the largest GDP per capita ($3,368), followed by Wakiso
($2,496) and Mukono ($1,653). Central (the central region does not include Kampala)
and Western Uganda tend to have larger per capita GDP estimates than Eastern and
Northern Uganda.
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Figure 3: Map showing the distribution of Uganda’s districts’ total GDP (a) and GDP
at 1 km2 resolution (b)
The ELIM method estimates that Kampala (28.6%), Wakiso (19.6%), and Mukono
(4.5%) account for more than half of Uganda's total GDP. Of the ten largest district
economies, six are in Central Uganda. Sub-regionally, Kampala and South Central subregion account for an outsized proportion of Uganda's GDP relative to its population size,
meaning that they are significantly more productive sub-regions in Uganda. Kampala is
roughly 4.8% of Uganda's population, but it generates 28.6% of its GDP, whereas the
West Nile region comprises 9.7% of Uganda's population and produces 2.2% of the
country's GDP. The top 10 district economies in Uganda make up about 66.3% of the
total GDP, with the remaining 33.7% of the national economy coming from 106 districts.
Put another way, these top 10 districts with roughly 19.4% of the total population and
generate more than 66.3% of the total GDP.
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Figure 4: (a) Uganda 116 Districts’ GDP and Population and (b) Uganda regional
GDP and Population
4.4.2 Data Comparisons
The results derived from ELIM model are compared with publicly available census
data. Nevertheless, there are no sub-national-level GDP estimates in Uganda that can be
used for direct comparison. Other researchers have produced sub-national-level GDP
estimates based on remotely sensed imagery. For instance, Nordhaus (2006) had
produced the G-Econ database, which measures the global economic activity at a 1°
latitude by 1° longitude scale (Figure 5a). Due to the coarse resolution, the G-Econ
cannot sufficiently reflect the sub-national economic activities within districts. However,
the G-Econ data still supports our results by showing that Central and Western Uganda
tend to have greater GDP than Eastern and Northern regions. Kummu, Taka, and
Guillaume (Kummu et al. 2018) have produced Gridded Global Dataset for GDP and
Human Development Index (HDI) at sub-national level with higher resolution (with 30
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arc-sec resolution) (Figure 5b). GDP data from the Gridded Global Dataset was derived
from GDP per capita (PPP) by multiplying it by population data from GHS. The input
sub-national GDP per capita was collected from 1960-2010. Temporal interpolation and
extrapolation approaches were used to fill the missing national and sub-national GDP per
capita values. However, their data is unable to consider the nonlinearity and multi-scale
variability of geospatial data, and the GDP values are mainly derived from population per
pixel and GDP per capita at national level. This dataset is insufficient to identify the
sources of economic activities and the variation of productivity within districts. Figure 5c
shows that the difference between this study’s ELIM results and the Gridded Global GDP
dataset to the 1 km2 level. Figure 6 shows this same comparison but aggregated to the
district administrative unit. The Gridded Global GDP data has significantly
underestimated GDP from districts like Kampala, Wakiso, and Mukono since the subnational calculation is based on the sub-national population, not the heterogeneous
productivity across rural and urban landscapes.

Figure 5: Comparisons of (a) G-Econ data (Nordhaus et al. 2006), (b) Gridded Global
GDP data (Kummu et al. 2018), and (c) differences between the percent of GDP for
ELIM and percent of GDP for Gridded global GDP data at district level
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Figure 6: Comparison between the ELIM and Gridded Global GDP data
4.5 Discussion
The NTL imagery can record the dynamics of human activities by monitoring the
artificial light on the Earth’s surface. Therefore, the VIIRS NTL imagery is an improved
and more accurate source for estimating GDP. The traditional DMSP-OLS imagery has a
coarse spatial resolution and this may limit its applications for estimating human
activities at sub-national levels (2007). In addition, Bundervoet et al. (2015) found that
the correlation between lights and economic activity is stronger in places where
agriculture is a less significant component of the national GDP. Therefore, many
traditional methods for estimating GDP with NTL may not be suitable for countries
dependent on agriculture like Uganda. Following this rationale, in this study, instead of
using population data only for estimating agricultural GDP, a simple process is proposed
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for estimating the rural GDP values by combining the population and agricultural value
ratios within the districts of Uganda.
There are still limitations for this method. First, due to the resolution restriction of
VIIRS NTL, the NTL imagery is not likely to accurately demonstrate the dynamics of
economic activities at a finer spatial resolution. Second, since the VIIRS was only
launched in 2012, there is a limited amount of time series data available. VIIRS may be
combined with DMSP-OLS to cover a longer period of time to demonstrate the dynamics
of economic activities in Africa. Thirdly, due to the relatively coarse resolution of VIIRS
imagery, it may not be able to accurately define the urban regions and separate some
agricultural activities from other secondary and tertiary sectors of the economy.
4.6 Conclusion
It is important to obtain timely and accurate information to evaluate the impacts of
urbanization and promote sustainable development in countries like Uganda. Stable NTL
data from the DMSP-OLS and the VIIRS can be used to reveal the dynamics of urban
expansion in Africa. In this study, the ELIM method is developed for extracting the
dynamics of sub-national-level economic activities based on stable NTL data using a
combination of population data from GHS and agricultural value ratios. This ELIM
method can be applied to many regions that (1) are dependent on agricultural activities
and (2) have poor-quality census data. For example, the ELIM can be applied to other
Sub-Sahara African countries.
This ELIM method has improved upon existing models by using agriculture
production and price data to estimate the size of agricultural economic activity in rural
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regions. Agricultural economic activity is a significant part of national GDP, and it
cannot be measured accurately by the NTL imagery alone. To overcome this limitation,
agricultural contribution is estimated geographically based on 16 representative
agricultural commodities (production and average market price) to derive an estimate of
the spatial distribution of agricultural GDP in Uganda, and then applied national
agricultural GDP to normalize these estimates. A sequence of data preprocessing
measures is applied to remove confounding factors from the VIIRS imagery.
The results of the ELIM indicate some emerging themes for those interested in
district-level policy in Uganda. First, the distribution of economic activity is heavily
concentrated in Central Uganda. Three districts (Kampala, Wakiso, and Mukono) account
for nearly half of Uganda's total GDP, while comprising only about 10.7% of Uganda's
population. Second, the top 10 district economies in Uganda make up about 66.3% of the
total GDP, leaving the remaining 33.7% of the national economy coming from 106
districts.
Through a case study of Uganda, this research investigates the ability of VIIRS data
to estimate sub-national GDP using multi-source data that not only improve the
resolution of dataset, but also captures the spatial heterogeneity of socioeconomic
activities. By comparing our results with other publicly available data sources, data
generated from the ELIM model can better capture the variations of GDP within the subnational administrative boundaries. GDP is also allocated based on the types of economic
activities, instead of just based on the simple averaged values of population and GDP per
capita, thus capturing heterogeneous productivity across rural and urban landscapes. Due
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to the limited availability of calibrated and processed VIIRS data, it is important to
produce multiple years of VIIRS NTL data analysis in the future to further compare and
improve the model performance. Moreover, obtaining accurate and relevant ground truth
data is important for validation to produce better-quality results.
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Chapter Five: Global mapping of GDP at 1 km2 using VIIRS nighttime satellite
imagery
5.1 Background
The United Nations has established a set of sustainable development goals to achieve
a better future for people and the planet. Building on the success of the MDGs, the 2030
Agenda for Sustainable Development aims to promote and stimulate a series of actions to
transform our world. The 17 SDGs with 169 associated targets will unite and mobilize
efforts from countries across the world to tackle and address urgent development issues
like poverty, inequality, and climate change (UN 2015; Griggs et al. 2013; Robert et al.
2005; Sachs 2012). Although significant progress has been made towards the
achievement of these goals, some of the actions and policies have not been implemented
effectively because of the complexity of the Earth system and human-environment
interactions. To wit, global climate change is progressing apace, and many people are still
living in poverty. Therefore, it is important to understand the global distribution of
wealth, characterize socioeconomic well-being, and predict environmental change at
appropriate spatiotemporal resolutions to facilitate the implementation of policies and the
achievement of SDGs (Andries et al. 2019).
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Measuring socioeconomic data in a timely and accurate manner is important for the
evaluation of current socioeconomic status and for assessing policy effectiveness. Doing
this well helps countries achieve many of the SDGs including sustainable development,
eradication of poverty, and reduction of inequality and exclusion. It also helps
practitioners, scientists, and policymakers compare levels of development across the
globe to inform efforts toward achieving the SDGs. However, collecting these data can
be costly and challenging for many less developed countries. In recent years, the
availability of remotely sensed images has greatly helped scientists monitor human
activity on the Earth (Nordhaus et al. 2006). For instance, the NTL data is widely used
for estimating and evaluating socioeconomic activities since it can capture the artificial
light on Earth’s surface (Baugh et al. 2010; Elvidge et al. 1999; Zhang and Seto 2011).
Remote sensing technology and satellite imagery have provided us with global and
regional economic data to understand and evaluate the relationship between human
development and nature (Doll et al. 2000). There are many difficulties associated with
collecting traditional census data for measuring human well-being. For example, accurate
information about the size and distribution of the human population is not available for
many regions of the world and sometimes these data are of poor quality (Skinner 2018).
Hence, remote sensing data can be an alternative way for scientists to study and monitor
human activities in a timely, consistent, and affordable way. NTL data is different from
other remote sensing data as it captures the artificial light on the Earth’s surface and
offers a unique view of human activity (Elvidge et al. 1999, 2012; Liu et al. 2012). For
example, NTL imagery has been used to generate and demonstrate the quantitative
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relationships between the NTL and population and energy consumption in the USA
(Welch and Zupko 1980).
The VIIRS platform is a new and improved vehicle for developing global NTL data
products. Prior to VIIRS, the DMSP-OLS was primarily designed and developed for
cloud cover image detection. Researchers discovered that DMSP-OLS nighttime images
of the Visible and Near-Infrared (VNIR) band could help scientists observe and detect the
VNIR emission sources (e.g., city lights, auroras, gas flares, and fires). Thus, the DMSPOLS NTL data has been used in many fields including (1) the measuring of human
settlements, (2) urban population and socioeconomic activity, (3) energy and electricity
consumption, (4) monitoring gas flaring, (5) forest fires, and (6) impacts of military
actions and natural disasters (Huang et al. 2014). In recent years, the VIIRS sensor, which
is equipped with the day-night band (DNB), has outperformed its predecessor DMSPOLS in many ways. In general, VIIRS exceeds DMSP-OLS including greater dynamic
range, finer spatial resolution, and lower detection limits (Elvidge et al. 2013; Hillger et
al. 2013).
In the past decades, scientists proposed many methods to estimate GDP at national
and subnational levels using NTL (Hu and Huang 2019; Huang et al. 2014; Xu et al.
2014; Yu et al. 2015). For example, Sutton et al. (2007) estimated the marketed and nonmarketed economic value on a global scale and discovered that the GDP was correlated
with the amount of light energy emitted by that country based on DMSP-OLS NTL. Shi
et al. (2014) used VIIRS NTL to estimate GDP and electricity power consumption and
concluded that it can be a strong tool to evaluate socioeconomic indicators. Nevertheless,
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some researchers found that using NTL alone is insufficient to capture the spatial
heterogeneity of GDP at subnational levels. First of all, NTL is not a direct measurement
of socioeconomic activities. In addition to that, in many developing regions like SubSaharan Africa, a large portion of the population are engaged in agricultural activities.
Thus, using NTL alone cannot estimate GDP accurately in these regions (Bundervoet et
al. 2015). Therefore, some researchers have started to estimate various socioeconomic
indicators using NTL based on urban and rural regions separately in order to capture the
different levels of productivity (Townsend and Bruce 2010).
This section presents an approach that utilizes the VIIRS NTL data for estimating the
socioeconomic development metrics for the world. In this section, I mainly study
socioeconomic development with a focus on the measurement of inequality as these
indicators can reflect the socioeconomic status and the current level of development.
Rising levels of economic inequality can lead to a series of consequences including lower
rates of economic growth, happiness, and higher rates of crime, health, and poverty
problems (Birdsall 2006). Moreover, to improve the current data processing method to
achieve better results, GDP estimation is separated based on rural and urban regions
using land cover classification data. In addition to that a machine learning based data
processing method is used for filtering the NTL outliers that are not related to
socioeconomic activities to capture spatial heterogeneity of GDP distribution at pixel
level. The unsupervised Isolation Forest (iForest) machine learning model is adopted to
automatically detect and remove irrelevant NTL data so as to improve model accuracy
(Liu et al. 2008). Two NTL-based indexes are developed based on this method including
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(1) NTL-Gini, which is adapted from the Gini coefficient and developed based on the
cumulative share of population and Gross domestic products (GDP) and (2) NTL-2020,
which is adapted from the 20:20 ratio and used to show how much richer the top 20% of
populations are to the bottom 20% based on the cumulative distribution of GDP and
population. The two NTL-based indexes are produced to investigate and estimate the
current development progress for countries around the world (UN 2015).
This paper is organized as follows: Section 5.2 describes the data and methods used
for developing NTL-based indexes and the model that was developed for evaluating
social and economic status. In Section 5.3 and 5.4, I present and evaluate the results and
compare them with the actual data. Finally, I summarize the results and draw conclusions
in Section 5.
5.2 Methods
5.2.1 Data Collections
The datasets used in this study are described in Table 1. This study used multi-source
geospatial data in tandem with aggregate national socioeconomic data to develop NTLbased inequality indexes. The stable, cloud-free VIIRS NTL (vcm-orm-ntl) product
which is produced by the National Oceanic Atmospheric Administration (NOAA) and the
National Aeronautics and Space Administration (NASA) is used in this study. The "vcmorm-ntl" data is mainly used to calculate the sum of total NTL intensity in the urban
region for each of the administrative units to estimate the development in the urban
regions. The NTL can be used to estimate economic activities contributed by the
commercial and industrial activities. This product improves our estimates of
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socioeconomic data since it contains cloud-free average radiance values and outliers
caused by fires and other ephemeral light have been removed. The administrative
boundary file was collected from the Database of Global Administrative Areas (GADM)
(Hijmans et al. 2018). The country (level 0) and subdivision levels (level 1 and 2) data
are included for national and subnational data processing. Additionally, population
distribution and settlement data at the 1 km2 level were obtained from the GHS datasets,
which contains location, population, and urban extent information for the human
presence on the planet from 1975 to 2015. Human settlement information was obtained
from the GHS Settlement Model grid (SMOD), which contains urban center (densely
populated areas), urban clusters (towns and suburbs), and rural grid cells (rural areas) that
can help us separate urban regions from rural regions. The population data of GHS
contains the distribution and density of population and it is expressed as the number of
people in each cell. Socioeconomic statistics were obtained from the World Bank and
UNDP databases. The income classification data is used to group countries and
agriculture, forestry, and fishing with value added (% of GDP) for calculating the
proportion of GDP in rural regions to estimate the agriculture activity.
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Figure 7: Maps of NTL, SMOP, and population data for mainland China and
Afghanistan
5.2.2 Data Pre-processing

Figure 8: Procedures for processing population, SMOD, and NTL data
Results from previous studies show that using NTL alone is insufficient to accurately
measure the GDP at sub-national levels (Bundervoet et al. 2015). In order to assess the
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different levels of socioeconomic development in the country, the data is separated into
urban and rural data to capture the different levels of industrial, commercial, and
agricultural activities on a sub-national scale using level 0, 1 and 2 administrative
districts from GADM. The data preparation consists of three steps (Figure 8). In step 1,
GHS population raster data is converted into points in ArcGIS Pro 2.4.1 and the
converted population data points is applied to sample and extract the values of human
settlement information and NTL intensity values based on SMOD data and VIIRS NTL.
Therefore, all data points contain attribute information of population, NTL value, SMOD,
administrative districts information at different levels, income classification (based on
country), and unique point identifier. In step 2, population data is separated into urban
and rural data based on SMOD value. In step 3, iForest method is applied to identify NTL
outliers in urban regions that are not related to socioeconomic activities and reclassify
them as 0.
Although the "vcm-orm-ntl" product is selected due to its sensitivity, there are still
irrelevant light sources that are not filtered by the product processing algorithm
(Townsend and Bruce 2010). Besides that, NTL is not directly measuring socioeconomic
activities and contains irrelevant data that can greatly affect the GDP estimates especially
at 1 km2 level (Elvidge et al. 2017; Wang et al. 2017). Therefore, a series of measures is
adopted to remove these irrelevant data in step 3. Since this study only uses NTL to
measure GDP in the urban regions, I first filtered the data by selecting the data points in
the urban regions based on their attributes (SMOD value > 20). Then, I used the
unsupervised machine learning model of iForest to detect the anomalies for the urban
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pixels based on the population and NTL attributes of urban data points. In the past
decades, many anomaly detection models were developed based on classification,
clustering, and statistical methods. Some researchers have used the DMSP-OLS data as a
mask to extract the VIIRS data or build a normal profile for the NTL data in order to
remove outliers based on the range of NTL intensity value distribution. However, it is
very difficult to apply this method globally due to the variations among countries.
Furthermore, some of the methods can only be applied to data of low dimensionality and
smaller size. By contrast, the iForest machine learning model can automatically detect
irrelevant NTL outliers (Liu et al. 2008) because it is (1) not reliant on the distribution
profile of NTL data, (2) more suitable for processing large datasets, and (3) specifically
designed to detect anomalies. Studies have demonstrated that the iForest method can
outperform many other existing model-based, distance-based, and density-based methods
(Liu et al. 2008). It is also more suitable for processing large datasets compared to
traditional methods like the density-based spatial clustering of applications with noise
(DBSCAN) (Ester et al. 1996). I use data points for all countries as input so that iForest
can detect outliers based on the population and NTL values’ patterns. For instance, points
with extremely high NTL value and low population are identified as anomalies (Figure
9). The identified NTL outlier values are changed to 0. Since I have already used a
filtered VIIRS NTL product, only a small proportion (about 0.1%) of NTL outliers are
detected.
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Figure 9: Sample result from iForest outlier detection. Outlier identified in Iran that
there are relatively low population and very high NTL values in the coastal region
5.2.3 GDP and Inequality
The Gini coefficient is a statistical measure of economic inequality based on income
distribution (Gastwirth 1972; Gini 1921). A higher Gini coefficient value indicates a
higher degree of income inequality where a lower value indicates the lower degree of
income inequality. Elvidge et al. (Elvidge et al. 2012) developed the night light
development index (NLDI) based on the Lorenz curve analysis to analyze the codistribution of NTL and population by sorting the NTL values in an ascending order.
Nevertheless, this NLDI index may not be sufficient to capture the distribution of
economic activity as they cannot accurately represent the spatiotemporal variation of
income distribution since NTL is not a direct measure of income or wealth. Therefore, we
combined the NTL values (nanoWatts/cm2/sr ) with the actual agricultural production
ratios and population distribution in order to improve this characterization of economic
activity. I used (1) the urban data points (SMOD value > 20) with NTL values to measure
the distribution of economic activity in the urban regions, and (2) the rural data points
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(SMOD value < 20) with population density to measure the distribution of economic
activities in the rural regions. I obtained the aggregate GDP in each district based on the
sum of rural and urban GDP (in constant 2011 U.S. dollars) for that district. I defined the
urban (UVj) and rural pixel value (RVj) of GDP as follows:
𝑈𝑉𝑖 =

𝑆𝑛𝑁𝑇𝐿 ∗ (1 − 𝐴𝑔𝑅𝑎𝑡𝑖𝑜) ∗ 𝐺𝐷𝑃 ∗ 𝑃𝑜𝑝𝑉𝑖
𝑇𝑜𝑡𝑁𝑇𝐿 ∗ 𝑇𝑜𝑡𝑈𝑟𝑃𝑜𝑝

(7)

𝑃𝑜𝑝𝑉𝑖 ∗ 𝐴𝑔𝑅𝑎𝑡𝑖𝑜 ∗ 𝐺𝐷𝑃
𝑇𝑜𝑡𝑅𝑢𝑃𝑜𝑝

(8)

𝑅𝑉𝑖 =

where i is the unique identification of population pixel (derived from GHS population
layer), SnNTL is the total NTL in the district, TotNTL is the total NTL for the country,
PopVi is the population count of the corresponding pixel, TotRuPop is the total rural and
urban population for the country, TotUrPop is the total urban population of the district,
and AgRatio is the proportion of agriculture production of the total GDP, and GDP is the
national GDP at purchasing power parity (in 2011 constant U.S. dollars) data obtained
from the World Bank database. Based on the procedures described above, I produced a
gridded GDP product at 1 km2 level for countries around the world (Figure 10). The
subnational GDP calculation was based on the aggregate NTL and population using level
2 GADM districts. In addition, for countries without AgRatio data, I used the total rural
population divided by the total national population to calculate the estimated AgRatio.
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Figure 10: Gridded GDP product at 1 km2 level
NTL-Gini and NTL-2020 ratios are calculated based on the accumulative distribution
of aggregate GDP at level 1 and 2 districts for countries around the world. I sorted the
aggregate GDP data at district level in an ascending order to construct a GDP distribution
profile for each country based on the fraction of population and the cumulative share of
GDP at the subnational levels and to plot the Lorenz curve (Figure 11). The NTL-Gini
coefficient is equal to the area marked A divided by the sum of the areas marked A and B
in Figure 11a (Gini index = Area A/(Area A + Area B)).
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Figure 11: Lorenz curve for Gini and 20:20 ratios estimation. Calculation of (a) NTLGini and (b) NTL-2020 ratios based on the Lorenz curve, and (c) sample Lorenz curve
for China based on the cumulative distribution of population and GDP
Moreover, I also calculated the 20:20 ratio based on the distribution of NTL-GDP at
district level to measure inequality. Higher 20:20 ratios indicated higher income
inequality (De Maio 2007; Kawachi and Kennedy 1997; Mackenbach and Kunst 1997).
The 20:20 ratios can be more revealing than the Gini coefficient since it compares how
much wealthier the top 20% of populations are to the bottom 20% of population. Many
studies have shown that this can be a more useful measure to evaluate other development
issues like health and social problems. In order to calculate the 20:20 ratio, I used the
same distribution profile for each country and calculated the ratio between the total GDP
for the top 20% of the population and total GDP for the bottom 20% of the population.
5.3 Results
5.3.1 Subnational GDP Validation
The performance of NTL-based development indexes (detailed results are in
Appendix B) was evaluated using the actual GDP data from the Organization for
Economic Co-operation and Development (OECD) Regional Statistics and Indicators, the
Gini coefficients data from the world bank databank, and the 20:20 Ratios from UNDP. I
first compared and validated the sub-national GDP products by using the 249 regional
GDP (Large regions TL2) data from OECD administrative units that matched the level 1
districts from GADM. Regional total GDP results of the NTL-based GDP were
aggregated using the zonal statistics tool in ArcGIS Pro based on the 1 km2 gridded NTL
GDP product. I produced the cross-sectional fit comparing the NTL-based GDP against
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the actual GDP from OECD regions. In Figure 12, the overall result shows that NTLbased subnational GDP has a high coefficient of determination (R2 = 0.761). In addition,
since many researchers have studied the relationship between total NTL values within
regions with GDP (Shi et al. 2014; Sutton and Costanza 2002) based on simple linear
regression, I have also produced the cross-sectional fit comparing the sum of NTL within
districts against the actual GDP from OECD regions (R2 = 0.684). Results in Figure 12
show that NTL-GDP can better reflect the actual GDP values. Nevertheless, due to the
small size of validation data (N = 246), it is difficult for us to evaluate the results
accuracy globally on various spatial scales.

Figure 12: (a) scatterplot of OECD regional GDP and sum of NTL values within
districts, and (b) scatterplot of OECD regional GDP and district-level NTL GDP (N=246
subnational districts)
I also compared our data based on the electricity accessibility (Falchetta et al. 2019)
and the Gridded GDP datasets (Kummu et al. 2018). Figure 13 shows that because the
Gridded GDP datasets only contains GDP per capita information for Uganda at the
national level, the GDP data (Figure 13c) is mainly dependent on population density
(Figure 13a). Therefore, it fails to show the subnational variation of economic activities
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in urban and rural regions. Figure 13b shows the electricity access estimation
(distribution of people without access to electricity) near Kampala, Uganda (Falchetta et
al. 2019). Both the NTL-GDP data and the electricity access rate shows that the Gridded
GDP dataset (Kummu et al. 2018) overestimates GDP in many regions outside Kampala
despite the fact that these regions have low electricity access rate and are less developed.
This is possibly because the Gridded GDP product is incapable of differentiating levels of
productivity within districts and fails to capture the spatial heterogeneity of GDP on
various spatial scales.

Figure 13: Comparisons of (a) population distribution, (b) electricity accessibility
(Falchetta et al. 2019), (c) Gridded GDP at 1 km2 level (Kummu et al. 2018), and (d)
NTL GDP data around Kampala, Uganda
5.3.2 Inequality Validation
To evaluate whether NTL-based GDP distribution can predict inequality accurately, I
compared the NTL-based inequality indexes against the actual Gini index and 20:20
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ratios data using correlation analysis, root mean square error (RMSE), and mean absolute
error (MAE). In general, both NTL-GINI and NTL-20:20 ratios shows weak correlation
with the traditional GINI and 20:20 ratios (Figure 14). This could be caused by several
issues including the lack of ground-truth data for comparison and the different economic
structures and development levels for different countries. In addition to that, I also
evaluated the results using RMSE and MAE (Figure 15). I normalized all inequality data
into the range of 0 to 1. I also compared by categorizing the countries based on the
income level classification. The overall RMSE and MAE for all countries without using
income classification were also compared. The inequality validation results show that
there is an overall smaller deviation between the NTL-2020 ratios and the actual data
from UNDP, indicating that using NTL and population data can better capture the
differences of wealth distribution for the top and bottom 20% of population in urban and
rural regions. Both NTL-based Gini coefficient and NTL-2020 have similar RMSE and
MAE for high-income and low-income countries, whereas the NTL-2020 ratios have
smaller RMSE and MAE for upper-middle and lower-middle countries. This shows that
the overall GDP distribution profile might be more accurate for developed and less
developed countries as they tend to rely more on tertiary industry (that can be captured by
NTL) and primary industry (captured by population density). For many developing
countries (with upper-middle and lower middle incomes), where there tends to be greater
socioeconomic inequality, the NTL-2020 ratios can better capture this unequal
distribution of income and opportunity. For instance, studies (Bundervoet et al. 2015)
have shown that the correlation between light intensity values and economic activity is
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much weaker for countries that are dependent on agriculture. This is probable since most
of these countries are developed countries or industrialized countries that have advanced
their technology infrastructures and developed their economies. Therefore, it is harder to
measure the socioeconomic development in these countries.
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Figure 15: Validation of NTL-based Gini coefficient and 20:20 ratios based on RMSE
and MAE for all countries, low-income countries, lower-middle income countries, uppermiddle income countries, and high-income countries
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5.4 Discussion
The NTL global GDP data at 1 km2 can be aggregated into different sub-national
levels to support analysis on multiple spatial scales. In general, the NTL data collected by
the VIIRS can help us not only monitor the light sources but also study various human
activities. By using the multi-source data, I can develop NTL-based index to estimate
different levels of socioeconomic development in urban and rural regions in an efficient
and accurate manner. The VIIRS data is capable of capturing commercial and industrial
activities more accurately than DMSP-OLS. Although DMSP-OLS NTL data has been
widely used due to its detection of anthropogenic lighting sources to study human
activities, it still has many significant problems. For instance, if it suffers from
deficiencies like coarse spatial resolution, saturation, lack of in-flight calibration, lack of
low light imaging spectral bands suitable for discriminating lighting types (Baugh et al.
2010). Elvidge et al. (2013) compared capabilities of DMSP-OLS and VIIRS and
concluded that VIIRS is superior to DMSP-OLS in many ways. Therefore, as more
VIIRS products are released (monthly and annual), there is a great potential to capture
human development on various spatiotemporal scales. Besides that, the NTL imagery can
potentially become an alternative measure for scientists to measure and assess
socioeconomic development to achieve SDGs. First, there are many limitations for the
collection and calculation traditional inequality data. NTL can help us generate reliable
estimates to evaluate if cities have achieved the sustainable goals on a global scale.
Second, NTL estimates can be combined with multi-source data to help people
understand the current water, energy and food security nexus to evaluate and manage the
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capacity of our growth. Third, it is important to develop different measures based on
various sources of data and evaluate the nation’s sustainable development based on
multiple indexes. The current method is also limited by the availability of accurate data
for model optimization and validation. For example, in our model, I assumed that the
rural region is mainly dependent on agricultural activities. However, there are also other
labor-intensive activities that can contribute to the rural GDP like mining, oil extraction,
and refinery. Therefore, it is also important to collect more accurate socioeconomic data
on various spatial scales to improve accuracy of GDP estimates.
5.5 Conclusion and Discussion
This method introduced in this dissertation is suitable for measuring the distribution
GDP on both subnational and national levels. The NTL-based GDP estimation using
urban and rural separation can help us better capture the spatial heterogeneity of GDP
distribution compared to the simple linear regression method based on NTL values only.
By utilizing the iForest machine learning solution, it is easier for us to detect outliers
from the urban NTL data to enhance the estimation of GDP distribution at the pixel level
(1 km2). Moreover, the NTL-based indexes have shown to be useful for estimating a
variety of inequality indicators. Nevertheless, due to the different levels of development,
the performance of NTL-based indexes is also affected. In the future, there are several
options that can take this research to another level: (a) incorporating advanced machine
learning model or hybrid model to improve the model performance, (b) collecting more
historical socioeconomic data to analyze development changes based on the trend and
make forecasts for the future, (c) estimating the inequality at subnational levels and
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validate using ground-truth data, and (d) incorporating more variables to train the model
so that the model can be customized and adjusted for different inequality evaluation
purposes. Moreover, the monthly VIIRS NTL products are also available now. There is a
great potential for us to understand the dynamics of human population changes within
cities, assess our ecological footprints, estimate the demand of resources, and evaluate the
limit of our growth (Costanza et al. 1997; Imhoff et al. 2011; Wackernagel et al. 1999)
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Chapter Six: Conclusions
This chapter summarizes my dissertation and highlights my major contributions to
socioeconomic data modeling and estimation. As this research is designed to demonstrate
the usage of VIIRS NTL at various subnational levels, a few issues to be addressed in the
future will also be discussed in this chapter.
6.1 Summary
Obtaining accurate socioeconomic data in a timely manner is critical for
achieving the SDGs at both national and global levels. In past decades, scientists
developed numerous models to measure and evaluate human activities on the Earth’s
surface. Nevertheless, previous NTL data (DMSP-OLS) and the associated processing
methods have limited their reliability and applicability for systematic measuring and
mapping of socioeconomic development, especially at subnational levels. This research
formalizes an NTL model by utilizing the VIIRS NTL data for mapping and estimating
several socioeconomic development metrics for the nations around the world. This
research focuses on the estimation of sub-national GDP and the measurement of
inequality as they reflect socioeconomic status, distribution of wealth, and different levels
of development. In developing the model, the existing NTL model is extended by using
population distribution and agriculture production data to accurately capture the spatial
heterogeneity of wealth distribution and unequal development. This study also utilizes
VIIRS NTL data and the iForest machine learning algorithm for more intelligent data
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processing to capture human activities on a global scale more accurately. This flexible
approach processes the data in an unsupervised manner on various spatial scales.
Assessments show that this method produces the most accurate sub-national GDP data
products for mapping and monitoring human development uniformly across the globe.
6.2 Contribution
In order to support the SDGs at both national and global levels by providing accurate
socioeconomic data, I develop the ELIM model based on crop yield and crop production
and applied the model to estimate GDP in Uganda (Wang et al. 2019). Uganda is one of
the poorest nations in the world. It is important to obtain accurate, timely data on
socioeconomic characteristics sub-nationally to target poverty reduction strategies to
those most in need. Many studies have demonstrated that NTL can be used to measure
human activities. Nevertheless, methods developed from these studies (1) suffer from
coarse resolutions, (2) fail to capture the nonlinearity and multi-scale variability of
geospatial data, and (3) perform poorly for agriculture-dependent regions. The ELIM is
developed to estimate the Gross Domestic Product (GDP) for sub-national units within
Uganda. This model is developed by combining the NTL data from VIIRS, the
population data from the GHS layers, and information on agricultural production and
market prices across several commodity types. This resulted in a gridded dataset for
Uganda’s GDP at sub-national levels to capture the spatial heterogeneity in economic
activity.
For the global GDP estimation at 1 km2, this study utilizes multi-source geospatial
data and the iForest machine learning algorithm to capture human activities based on
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urban and rural separation (Wang et al. 2019). I use machine learning and NTL data to
map gross domestic product (GDP) at 1 km2. I then use these data products to derive
inequality indexes (e.g. GINI coefficients and 20:20 ratios) at national aggregate levels.
This flexible approach processes the data in an unsupervised manner on various spatial
scales. Assessments show that this method produces accurate sub-national GDP data
products for mapping and monitoring human development uniformly across the globe.
6.3 Future Work
In the future, there are several options that can take this research to another level.
First, there is a possibility to incorporate advanced Geospatial Artificial Intelligence
(GeoAI) model to improve model flexibility and accuracy. As an emerging scientific
discipline, GeoAI encompasses a variety of concepts, theories and methods from many
different fields including spatial science, data science, statistics, artificial intelligences,
high performance geocomputation and many other emerging technologies. Using the
advanced GeoAI model can help us better process and classify NTL and other geospatial
data to improve model performance. Second, it is important to collect more historical
socioeconomic data to study various socioeconomic development changes based on the
historical trends and validate model results. Third, using more variables to train the
model so that the model can be customized and adjusted for different inequality
evaluation purposes. Moreover, as more VIIRS NTL products (e.g., monthly products)
are also available now, they can be incorporated into the models to help us better
understand the dynamics of socioeconomic development and evaluate the limit of our
growth.
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Appendix A

District
Abim
Adjumani
Agago
Alebtong
Amolatar
Amudat
Amuria
Amuru
Apac
Arua
Budaka
Bududa
Bugiri
Buhweju
Buikwe
Bukedea
Bukomansimbi
Bukwo
Bulambuli
Buliisa
Bundibugyo
Bushenyi
Busia
Butaleja
Butambala
Buvuma
Buyende
Dokolo
Gomba
Gulu
Hoima
Ibanda
Iganga
Isingiro
Jinja
Kaabong
Kabale
Kabarole

Region
Karamoja
West Nile
Northern
Northern
Northern
Karamoja
Eastern
Northern
Northern
West Nile
Eastern
Eastern
Eastern
South
West
Central
Eastern
Central
Eastern
Eastern
Western
Western
South
West
Eastern
Eastern
Central
Central
Eastern
Northern
Central
Northern
Western
South
West
Eastern
South
West
Eastern
Karamoja
South
West
Western

Rural GDP
(million
US$)
5.83
61.24
24.93
16.76
18.28
12.15
26.96
77.63
91.21
101.15
11.40
40.40
34.84
32.30
19.06
29.75
39.04
20.21
18.62
12.96
27.62
51.28
27.17
30.36
15.55
5.24
45.07
29.06
26.40
50.39
58.47
82.68
152.67
265.41
35.28
29.53
49.07
158.02
81

Urban GDP
GDP Per
(million
Capita (US$)
US$)
1.78
128
7.04
150
5.87
86
0.57
68
0.00
127
0.39
90
0.58
52
1.50
317
6.85
247
75.17
202
11.75
117
5.43
244
29.08
122
1.03
275
354.35
769
4.59
160
7.72
288
0.61
416
10.10
177
0.00
145
11.14
126
65.01
415
47.48
225
11.30
166
22.58
297
0.00
84
1.45
150
2.88
153
7.01
196
88.84
492
77.40
209
29.75
408
91.35
434
26.58
611
625.23
1199
0.00
59
83.17
405
64.35
505

Kaberamaido
Kagadi
Kakumiro
Kalangala
Kaliro
Kalungu
Kampala
Kamuli
Kamwenge
Kanungu
Kapchorwa
Kasese
Katakwi
Kayunga
Kibaale
Kiboga
Kibuku
Kiruhura
Kiryandongo
Kisoro
Kitgum
Koboko
Kole
Kotido
Kumi
Kween
Kyankwanzi
Kyegegwa
Kyenjojo
Lamwo
Lira
Luuka
Luwero
Lwengo
Lyantonde
Manafwa
Maracha
Masaka
Masindi
Mayuge
Mbale
Mbarara

Eastern
Western
Western
Central
Eastern
Central
Kampala
Eastern
Western
South
West
Eastern
Western
Eastern
Central
Western
Central
Eastern
South
West
Western
South
West
Northern
West Nile
Northern
Karamoja
Eastern
Eastern
Central
Western
Western
Northern
Northern
Eastern
Central
Central
Central
Eastern
West Nile
Central
Western
Central
Eastern
South
West

21.33
19.35
20.64
3.71
27.21
38.59
3.49
72.44
79.47
65.78
19.82
81.75
17.96
36.35
60.40
23.66
22.23
97.11
34.40
36.26
16.08
12.62
61.37
47.60
23.84
15.53
38.79
40.67
58.57
14.09
23.67
89.09
48.74
56.57
25.06
44.38
35.95
47.82
32.44
37.38
88.91
221.84
82

0.58
12.24
5.78
5.48
52.22
36.48
6269.64
41.54
7.38
12.77
10.31
154.39
1.00
42.59
3.64
24.64
7.56
18.07
46.36
20.47
19.67
0.00
0.60
0.36
7.97
0.00
4.18
6.26
12.08
0.00
122.63
10.04
148.98
60.72
21.85
21.34
8.39
230.47
49.78
89.07
269.65
394.65

95
69
120
112
338
401
3368
202
233
304
226
292
94
200
453
222
144
336
223
230
125
44
229
166
110
136
223
256
161
71
341
351
412
416
424
154
203
1051
187
232
715
1311

Mitooma
Mityana
Moroto
Moyo
Mpigi
Mubende
Mukono
Nakapiripirit
Nakaseke
Nakasongola
Namayingo
Namutumba
Napak
Nebbi
Ngora
Ntoroko
Ntungamo
Nwoya
Omoro
Otuke
Oyam
Pader
Pallisa
Rakai
Rubanda
Rubirizi
Rukungiri
Serere
Sheema
Sironko
Soroti
Ssembabule
Tororo
Wakiso
Yumbe
Zombo

South
West
Central
Karamoja
West Nile
Central
Central
Central
Karamoja
Central
Central
Eastern
Eastern
Karamoja
West Nile
Eastern
Western
South
West
Northern
Northern
Northern
Northern
Northern
Eastern
Central
South
West
South
West
South
West
Eastern
South
West
Eastern
Eastern
Central
Eastern
Central
West Nile
West Nile

48.82
32.78
7.87
16.49
35.96
215.47
34.22
20.27
25.44
69.35
20.75
48.36
12.25
45.68
13.91
6.09
240.62
49.38
27.45
7.59
96.58
21.25
41.43
94.92
17.26
30.73
76.06
108.12
44.65
24.83
98.46
69.02
136.89
32.00
63.40
28.55

83

4.98
83.85
16.04
3.63
298.05
125.19
958.08
0.00
25.76
12.77
0.00
4.40
0.00
12.33
6.47
3.83
50.98
1.19
0.19
0.00
18.18
4.12
10.14
42.93
0.35
4.69
22.50
1.41
20.44
21.47
72.86
12.11
119.59
4262.30
0.00
7.90

262
350
147
34
1624
489
1654
102
234
481
80
217
51
151
105
92
552
802
183
78
251
92
124
275
85
257
278
312
256
174
444
341
466
2496
91
148

Appendix B
Country
American Samoa
Solomon Islands
San Marino
Cyprus
New Caledonia
Belize
Guam
Bermuda
Tonga
Qatar
Spain
Cayman Islands
Virgin Islands (U.S.)
Libya
Trinidad and Tobago
Italy
Greece
Israel
Liechtenstein
Belgium
Saudi Arabia
Singapore
Bosnia and Herzegovina
Finland
Iceland
Malta
Chile
Bahamas, The
Kuwait
Albania
Bahrain
Barbados
Uruguay
Argentina
St. Vincent and the
Kyrgyz Republic
Grenadines
Jamaica
France
Hong Kong SAR, China

NTL-Gini NTL-2020
0.010
1.057
0.018
1.100
0.035
1.161
0.039
1.202
0.053
1.291
0.054
1.353
0.078
1.498
0.079
1.409
0.082
1.789
0.103
1.580
0.109
1.747
0.120
2.619
0.121
1.788
0.123
1.854
0.123
1.901
0.131
2.010
0.137
1.844
0.141
1.994
0.149
2.013
0.152
2.268
0.156
2.141
0.158
2.099
0.167
2.466
0.167
2.420
0.168
4.659
0.168
2.175
0.171
2.431
0.173
2.877
0.181
2.563
0.189
2.698
0.190
2.540
0.190
4.441
0.197
2.965
0.198
2.878
0.202
3.381
0.202
3.158
0.204
2.934
0.206
3.050
0.212
2.718
84

Sierra Leone
Nepal
Jordan
Japan
Korea, Rep.
Dominican Republic
United Kingdom
Latvia
Armenia
Puerto Rico
New Zealand
Morocco
Serbia
Malaysia
Turkmenistan
Togo
Mongolia
Montenegro
Iran, Islamic Rep.
Czech Republic
Egypt, Arab Rep.
Canada
Bangladesh
Switzerland
Belarus
Ireland
Brazil
Germany
Australia
Peru
Pakistan
Lebanon
Tajikistan
Ecuador
Portugal
Hungary
Tunisia
Turkey
United States
Andorra
Costa Rica
Algeria

0.214
0.215
0.216
0.220
0.222
0.223
0.224
0.226
0.227
0.228
0.233
0.235
0.239
0.245
0.254
0.254
0.256
0.259
0.259
0.262
0.262
0.263
0.265
0.266
0.268
0.269
0.276
0.277
0.279
0.279
0.280
0.280
0.282
0.288
0.289
0.291
0.294
0.296
0.297
0.299
0.299
0.301
85

2.793
2.863
2.728
3.224
3.103
3.647
3.161
3.747
2.915
3.541
4.454
3.296
4.004
3.873
3.671
3.840
4.181
5.175
3.299
3.669
3.541
4.361
4.117
4.482
4.785
4.082
5.263
4.293
4.875
6.108
4.334
3.699
4.011
5.204
9.392
5.646
4.615
4.884
6.125
113.72
5.939
4.4617

Antigua and Barbuda
Luxembourg
Bolivia
North Macedonia
Comoros
South Africa
Colombia
C√¥te d'Ivoire
China
Uzbekistan
Oman
Venezuela, RB
West Bank and Gaza
Mexico
Mauritius
United Arab Emirates
Cuba
Sweden
Mali
Guyana
Paraguay
Indonesia
Guinea-Bissau
Bulgaria
Georgia
Lesotho
Liberia
Austria
Poland
Isle of Man
Panama
Dominica
Lithuania
Honduras
Iraq
Suriname
Denmark
El Salvador
Ghana
Slovak Republic
Myanmar
India

0.302
0.304
0.307
0.308
0.311
0.311
0.311
0.312
0.314
0.314
0.316
0.316
0.317
0.317
0.318
0.319
0.320
0.320
0.321
0.322
0.324
0.326
0.326
0.332
0.335
0.336
0.336
0.337
0.343
0.345
0.353
0.356
0.362
0.366
0.367
0.368
0.369
0.371
0.371
0.374
0.375
0.381
86

35.927
18.170
6.176
4.890
7.412
6.693
7.124
4.120
4.654
5.460
4.982
4.780
6.818
6.849
5.428
5.260
5.631
7.993
5.199
5.355
5.810
5.033
5.975
14.342
7.281
7.861
4.940
7.776
6.219
94.870
17.050
5.079
11.281
7.189
9.034
8.129
7.777
7.590
6.551
6.704
6.744
7.201

Syrian Arab Republic
Gambia, The
Ukraine
Russian Federation
Azerbaijan
Croatia
Vanuatu
St. Lucia
Grenada
Nicaragua
Brunei Darussalam
Thailand
Burkina Faso
Benin
Haiti
Fiji
Ethiopia
Congo, Rep.
Cameroon
Senegal
Equatorial Guinea
Angola
Moldova
Djibouti
Niger
Botswana
Rwanda
Norway
Vietnam
Slovenia
Central African Republic
Philippines
Kazakhstan
Madagascar
Sudan
Mauritania
Tanzania
Samoa
Kenya
Sao Tome and Principe
Romania
Zambia

0.383
0.388
0.399
0.399
0.402
0.409
0.409
0.411
0.416
0.417
0.423
0.428
0.428
0.429
0.439
0.446
0.456
0.456
0.457
0.460
0.463
0.466
0.468
0.468
0.472
0.473
0.477
0.477
0.477
0.479
0.480
0.481
0.487
0.490
0.499
0.511
0.514
0.514
0.516
0.522
0.523
0.526
87

9.901
7.404
6.813
10.015
8.961
27.197
5.782
15.134
7.682
14.450
19.773
9.299
8.286
8.287
10.196
15.726
8.087
33.783
12.810
11.864
33.041
21.985
10.032
81.186
9.449
12.043
9.348
69.563
10.579
55.003
9.520
11.231
14.438
9.834
17.698
14.726
13.423
16.265
10.632
13.227
26.556
22.972

Guinea
Cambodia
Estonia
Mozambique
Guatemala
Sri Lanka
Gabon
Chad
Netherlands
Zimbabwe
Malawi
Somalia
Nigeria
Afghanistan
Uganda
Seychelles
Lao PDR
Namibia
Eswatini
Burundi
Korea, Dem. Rep.
Bhutan
Eritrea
Congo, Dem. Rep.
Timor-Leste
Cabo Verde
St. Kitts and Nevis
Papua New Guinea
Yemen, Rep.
South Sudan

0.532
0.534
0.537
0.537
0.541
0.547
0.548
0.550
0.550
0.553
0.560
0.577
0.595
0.618
0.624
0.624
0.633
0.636
0.639
0.642
0.642
0.647
0.680
0.708
0.736
0.746
0.755
0.790
0.804
0.831

88

14.223
12.629
38.572
18.714
17.937
19.815
17.021
23.489
12.488
34.817
10.926
36.880
23.318
40.357
21.898
92.991
17.154
33.687
27.596
41.806
21.546
16.960
72.123
64.175
35.984
166.35
351.28
651.036
562.975
336.355
5
7

